Fig. 1.
The main project window is shown. File management and analysis commands are accessed either through drop-down menus or icons. Each of the four editors opens in a separate window. At the bottom of the window, other global settings are specified. The metadata editor is shown. The left panel lists variable names, preceded by an icon to designate the variable type. Transformation of a continuous variable (Gender_cov) and the crossreference of onset and study age to a disease variable (T2D) are demonstrated. IBD probabilities produced by Merlin [5] have been imported for use in linkage analysis. 
Variance Components Linkage Analysis
Genome-wide linkage analysis is available in jPAP using variance components methodology [4] . The capability of the jPAP GUI to batch a series of analysis runs and distribute them across multiple processors allows efficient execution of the genome scan. The linkage analysis model can include up to three quantitative trait loci (QTLs) as well as any number of shared environmental effects. The identity-by-descent (IBD) probabilities required for variance components linkage analysis can be estimated within jPAP using a Markov chain Monte Carlo (MCMC) method, or can be imported into jPAP from Merlin [5] or SOLAR [4] format. jPAP estimates IBD probabilities using the MCMC methods of Thomas et al. [6] . The approach applies blocked Gibbs sampling [6] [7] [8] [9] [10] , which produces reliable results, in contrast to the poor reliability obtained by earlier applications of MCMC methods to pedigree data [11] [12] [13] [14] . Blocked Gibbs sampling updates connected sets of variables by calculating their distribution conditional on all the neighbors of the block. When applied to multilocus genetic data, this involves two types of block update. The first is to update all the variables for a single genetic locus, conditional on the states of the variables at the neighboring loci. While sufficient for theoretical irreducibility of the induced Markov chain, better mixing properties are obtained by also including meiosis block updates, i.e. blocks of variables corresponding to small sets of meioses for all loci simultaneously. These updates are made using standard graphical modeling forward-backward algorithms as described by Thomas et al. [6] .
Trait Models
Linkage analysis in jPAP can be performed on quantitative or discrete traits. Quantitative traits assume normality with power transformation optional. Discrete traits can be either age dependent or age independent. Both quantitative and discrete traits can be adjusted for covariates, and all parameters can be specified or estimated separately within a category such as gender or obesity status.
For age-dependent discrete traits, jPAP offers a modification of the age-of-onset regressive logistic model [15] , also known as the age-at-diagnosis regressive model [16] , and described as Method 2 in Cui et al. [17] . Let W represent the age at onset, or the age last examined if unaffected, and X = 0/1 for male/female. The logit of the probability of disease equals
where p(w, x) = Pr(affected ͉ W = w, X = x) denotes the probability of disease, p = ln( ␣ /(1 -␣ )) represents the penetrance at age A, exp( ␤ ) represents the annual odds ratio due to age, and exp( ␥ ) represents the female/male odds ratio. Substituting a normal approximation for the underlying logistic density allows this implementation of the model to include polygenic and QTL effects. Figure 4 demonstrates the specification of this model in the jPAP model editor, with type 2 diabetes (T2D) assigned as the trait, gender and a QTL assigned as factors affecting T2D risk, and the parameters listed in the lower panel.
Using this model, we performed linkage analysis of T2D, accounting for age at diagnosis in the cases and age at study in unaffected relatives and including gender and body mass index (BMI) as covariates affecting T2D risk [18] . The sample included 1,344 individuals (1,082 diagnosed with T2D at a mean age of 30 years) from 530 families comprising the African-American subset of the Genetics of NIDDM (GENNID) sample. IBD probabilities were estimated using 5,914 autosomal single nucleotide polymorphisms (SNPs). The strongest linkage signal was a broad peak on chromosome 2; additional linkages were found on chromosomes 7 and 13.
Inference of Pleiotropy
Multivariate linkage analysis in jPAP can include any number of traits, whether quantitative or discrete or a combination. Demonstrating bivariate analysis, figure 6 shows the assignment of two traits (T2D and BMI) to a single locus. For each trait pair, the parameters include the three correlations shown in the lower panel of figure  6 : for the QTL effect, the residual polygenic effect, and the environmental effect; pleiotropy is inferred from significance of the QTL correlation. Bivariate linkage analysis on the African-American subset of the GENNID sample was used to infer pleiotropic T2D-lipid loci [19] and T2D-obesity loci [20] .
To identify pleiotropic T2D-lipid loci, we performed bivariate linkage analysis of lipid levels paired with T2D [19] . Significant evidence supported a pleiotropic lowdensity lipoprotein cholesterol-T2D locus on chromosome 1. In addition, near-significant evidence supported triglyceride-T2D loci at two locations on chromosome 2 and on chromosome 7. To identify pleiotropic T2D-obesity loci, we performed bivariate analysis of T2D with waist-hip ratio and BMI [20] . Of 12 T2D loci identified through suggestive or higher univariate lod scores, we inferred pleiotropy with obesity for six loci (on chromosomes 1, 2, 13, 16, 20, and 22). Consequently, linkage analysis using jPAP has provided evidence that at least some of the co-occurrence of dyslipidemia and obesity with T2D results from common underlying genes.
Inference of Epistasis
Linkage analysis in jPAP can accommodate up to three QTLs. Figure 7 shows the assignment of two QTL effects to a locus. In addition to a QTL effect attributed to each locus, the parameters include interaction effects between loci as shown in the lower panel of figure 7 ; epistasis is inferred from a significant interaction effect. One approach is to perform a genome scan on one QTL while fixing a second QTL at a location identified in a one-dimensional (1D) genome scan. However, epistatic loci that lack 1D effects will be missed. Alternatively, a two-dimensional (2D) genome scan assesses all pairs of loca- Fig. 6 . The genetic model editor is shown for a bivariate model, specified by assigning both T2D and BMI to the same locus. The lower panel lists parameters specific to T2D, to BMI, and to both: the genetic, environmental, and QTL correlations between T2D and BMI. The tabs 'Pleiotropy' and 'NoPleiotropy' identify a general model (shown) and a reduced model that differ in designating the QTL correlation to be estimated or fixed at zero, respectively. The genetic model editor is shown for an epistasis model, specified by assigning two QTLs (designated QTL and QTL2) to T2D. The parameters listed in the lower panel include each QTL effect and the interaction between the two QTLs. The tabs 'Epistasis' and 'NoEpistasis' identify a general (shown) and a reduced model that differ in designating the QTL interaction effect to be estimated or fixed at zero, respectively. tions in the genome, but requires more computation time. The latter approach was taken with sodium pump number, a risk factor for hypertension and obesity [21] .
Variance components linkage analysis was applied to the number of red blood cell sodium pump sites measured by ouabain-binding assays on 1,375 members of 46 Utah pedigrees [21] . Both 1D and 2D genome-wide linkage analyses of pump number were performed on the combined sample as well as separately on the male and female subsets. Two significant 1D linkages were identified: on chromosome 1 in the combined sample and on chromosome 17 in the female subset. In addition, two significant 2D linkages were identified in the female subset: on chromosome 10 interacting with chromosome 18 and on chromosome 13 interacting with chromosome 4. None of the epistatic loci would have been identified in 1D analysis alone.
Segregation and Association Analysis
The capabilities of jPAP extend beyond linkage analysis. For example, by specifying a single locus with two alleles and selecting the transmission probabilities module in the model editor, jPAP performs segregation analysis to test a trait for major locus inheritance. Also, by translating a SNP into a continuous variable in the metadata editor and assigning the resulting variable as a covariate in the model editor, jPAP can test a SNP for association with a trait. Alternatively, by assigning a trait and SNP to the same locus, then testing for equivalence of the means (for a quantitative trait) or of penetrance (for a discrete trait), jPAP uses measured genotype analysis to test for association. Many more applications of jPAP are described in the online documentation.
Conclusions
Linkage studies exploiting the flexibility and versatility of jPAP have identified novel loci. Follow-up of each linkage region is now underway with the goal of identifying the causal variants responsible for the linkage signals, a search that will be aided by using jPAP for family-based association analysis.
